Background: Anti interferon-beta (IFN-b) neutralizing antibodies (NAb) affect efficacy of treatment of multiple sclerosis patients, but exactly when the detrimental effects of NAbs offset therapeutic efficacy is debated. Quantification of intracellular pathway-specific phosphorylation by phospho-specific flow cytometry (phosphoflow) is a promising tool for evaluation of these effects in primary immune cells from treated patients at the single-cell level.
Introduction
Interferon-beta preparations (IFN-b) are immunogenic and development of neutralizing antibodies (NAb) to IFN-b is a significant cause of treatment failure in multiple sclerosis (MS) patients [1] . As both the appearance of NAbs and the natural course of the disease are variable and unpredictable, it has been difficult to predict when the detrimental effects of NAbs offset therapeutic efficacy. No biomarkers have been identified that correlate with IFN-b efficacy and NAb development [2] . Testing for NAbs is recommended, and several cell line based assays are used in clinical practice to guide therapeutic decisions [2, 3] . These assays detect and quantify NAbs in sera of patients, but the reported titers are in many cases not correlated with clinical outcomes. Patients who develop NAbs have no obvious adverse effects and evaluating therapy efficacy may take months to years. The effort to implement an in vivo gene expression assay has been hampered by the variability among patients and by the several hundred genes known to be regulated by IFN-b [4] . Only a test that incorporates the patient's own characteristics of disease and IFN-b response will reveal the effect NAbs have in individual patients. In the score plot patients cluster according to NAb classes. Patients that are NAb negative are shown with blue roundels (class 1), NAb medium patients with green triangles (class 2) and NAb high patients with red diamonds (class 3). The loading plot reveals the variables important for patient clustering. pStat1 is negatively correlated with NAb class 3, and pStat1 and pStat4 are inversely correlated. In both score plots the patients are defined by numbers according to Phospho-specific flow cytometry is an ideal platform to link the responsiveness of the IFN-b signaling pathway in primary immune cell subtypes to the effects of NAbs in individual patients [5] . We have previously developed an ex vivo phosphoflow assay to directly assess the impact of NAbs in primary immune cells from a patient [6, 7] . The results clearly showed that both low and high titers of NAbs detected in vitro significantly affected the responsiveness of immune cell subtypes to IFN-b. The activation potential of the transcription factor pStat1 was identified as a possible biomarker for NAb evaluation ex vivo.
In this proof of concept study we tested whether the phosphorylation and thereby activation of transcription factors of the Stats family could be measured directly after in vivo IFN-b administration in a patient and whether an inappropriate response to IFN-b due to NAbs could be detected and quantified immediately after treatment. We analyzed the activation of the IFN-b/Stat signaling pathway in single immune cell subtypes in whole blood from patients by phosphoflow before and at several time points after IFN-b injection. To explore whether phosphorylated Stat1 (pStat1) correlates with NAb effects in vivo and thus has potential as a clinical biomarker, results from the Stat phosphoflow assay were compared with analyses of IFN-b inducible gene expression in whole blood, including expression of Mx1, a previously proposed biomarker. This study shows, to our knowledge for the first time, that a mechanistic approach to immunogenicity evaluation is possible with phospho-specific flow cytometry. The responsiveness of the IFN-b signaling pathway after IFN-b administration showed that phosphorylated Stat1 highly correlated with NAb titers in MS patients.
Materials and Methods

Patients
Patient characteristics are shown in Table 1 . The study was approved by the Regional Committee for Research Ethics (REK Vest) and written informed consent was obtained from all patients. During the study period, three NAb negative patients, two patients with high NAb titers and one patient with low/medium NAb titers being treated with INF-b-1a (Rebif) or INF-b-1b (Betaferon/ Extavia) were recruited for the in vivo study. The NAb titer of each patient was determined by the cell line based Mx1 induction assay: NAb-negative (,20), NAb-positive low/medium (20-300), or NAbpositive high ($300) [8] . Patients were instructed to schedule their subsequent INF-b injection at the Department of Neurology, Haukeland University Hospital. This approach led to a minimum of 60 hours interval between the last injection and the injection that was monitored. For every patient a sample was taken before the injection (t 0 ) to determine basal phosphorylation levels of Stat molecules and basal gene expression levels. Data from this time point (t 0 ) was used to calculate induction levels. In preliminary experiments, samples from three NAb negative patients were evaluated for induction of Stats at time points ranging from 30 minutes to 24 hours after IFN-b injection. We determined that time points of 4 hours (t 4 ), 6 hours (t 6 ), and 8 hours (t 8 ) after injection were optimal for measuring phosphorylation induction by phosphospecific flow cytometry and gene expression changes by RT-qPCR. Sera were collected at these time points and analyzed for IFN-b concentrations. The experiment is schematically shown in Figure 1 . Alexa647 (558099). CD94-PE (555889) was used in combination with all pStat antibodies in a separate tube. All antibodies were titrated for optimal separation and staining. Cells for every staining cocktail were obtained from an average of 200 ml whole blood. Samples were run on the BD Canto. BD Cytometry Setup and Tracking beads were used for standardization of application setup and BD compensation beads were used for electronic compensation. Compensation was evaluated by single and double stains for optimal compensation parameters. As positive controls and to assess whole blood phosphoflow in vivo, whole blood was restimulated ex-vivo with INF-b at a high dose for maximal phosphorylation response. In set-up experiments we determined the dose-response curve for the ex vivo re-stimulation response with INF-b (Avonex) in whole blood. In patients treated with INF-b-1b (Rebif) the dose-response curve ranging from 250-5000 IU/ml was analyzed.
Eight immune cell subtypes analyzed were identified and gated as shown in Figure 2A , and an average of about 40,000 events were collected on the lymphocyte gate. Heat maps and histogram overlays were done in Cytobank software (www.cytobank.org). To display negative fluorescent intensity measurements after compensation, the inverse hyperbolic sine with a cofactor was used as recommended by Cytobank. The signal induction for IFN-b was calculated as the fold change of median fluorescent intensity (MFI) of phospho-Stat protein before injection of IFN-b in specific cell subtypes compared to MFI of samples at 4, 6, and 8 hours after administration of IFN-b in the same cell type ( Figure 2B ). Relative MFI calculations (MFI (t0) /MFI (t4, 6, 8) ) were the bases for multivariate analysis.
Gene expression changes in whole blood after in vivo IFN-b administration
The SABiosciences kit RT 2 Profiler PCR array ''Human Interferon a, b Response'' (PAHS-016A) was used to measure pathway-specific gene induction after IFN-b administration in vivo. Blood was drawn directly into Tempus RNA Blood tubes from Invitrogen (4342792) and was stored at 280uC. The blood was processed for RNA extraction with the Spin RNA isolation kit (Applied Biosystems, 4380204). For every plate, 500 ng RNA was used for reverse transcription with SABiosciences RT 2 First strand kit (30401). The instrument-specific Sybr green master mix from SABiosciences (330522) was used for amplification detection, and gene induction was calculated by the DDCt method with SABiosciences web-based PCR array analysis tool. Every plate was checked for melting curves, DNA contamination, RNA transcription efficiency, and a positive PCR control and was passed if the values were within recommended range. The average of the five included housekeeping genes was used for normalization of data. The changes relative to levels before IFN-b administration were calculated to determine gene induction.
IFN-b concentration in sera after in vivo IFN-b administration
The VeriKine_HS Human IFN-b Serum ELISA kit (PBL interferon source 41415-1) was used to measure levels of INF-b before IFN-b administration and at 4, 6, and 8 hours after injection. All samples were run on the same plate and concentrations were calculated according to the manufacturer's instructions.
Data exploration, dimension reduction, and modeling
Whole data-sets were obtained for patients treated subcutaneously (s.c.) with IFN-b 1b (ExtaviaH/BetaferonH) or IFN-b 1a (RebifH) of different NAb classes (negative, low/medium, and high), eight cell subtypes, six Stat phospho-proteins, and 71 genes. This set of data was used in further analysis of NAb effects. Phosphoflow values for CD20 + B cells from patient 106 were missing for technical reasons. Raw patient data will be made available to interested parties upon receipt of a formal request and a statement ensuring patient privacy to the Department of Neurology, Haukeland Hospital.
PCA, an unsupervised method for scaling multi-dimensional data sets, was used to explore and visualize the data. PCA is based on linear transformation of the variables to principal components (PCs) so that they can be viewed and analyzed in lower dimensional spaces with minimal possible loss of information about the variables and their correlations. PCA was performed using the algorithm NIPALS in Unscrambler software (CAMO).
Missing values for patient 106 CD20
+ B cells were imputed into the iterative estimation of the scores and the loadings allowing all data to be included. The data were mean centered and run without scaling to unit variance. [9] . The ffMANOVA was performed in the R software (www. r-project.org). The model used included treatment, NAb class, time, and all two-way interactions between these factors as design variables and Stat protein phosphorylation inductions or gene expression changes as responses. ffMANOVA performs PCA where one design factor at the time is considered. A simultaneous test of several principal components (PCs) is performed where the components accounting for 50% of the variation is included in the model, 50% of the remaining model is used for buffer, and the rest is used for validation.
To identify significant proteins and genes, we performed both a univariate test by ANOVA where p-values were adjusted for multiple comparison by False Discovery Rate (FDR) using rotation test and by multivariate analysis using jackknife modified to bilinear data analysis as a test of the stability of the regression coefficients upon cross validation in PLS regression [10] . The ANOVA model was performed as described for the ffMANOVA analysis (NAb classes, the treatments, the one and all two-way interactions were the design parameters and the protein composition the response). To predict NAb titers, the PLS regression was performed reversed using the proteins or the genes as regressor variables and the NAb titers as response. The model was first performed using all proteins or all genes as input, and thereafter using the minimum of selected proteins or genes found significant in the ANOVA and PLS regression. The variables were not weighted.
For the prediction of NAb class based on protein data we tested several PLS regression models with subsets of Stat protein data. We were interested in the question of whether the phosphoflow data is predictive of NAb titer. As phospho-specific flow cytometry is costly we sought to identify the Stat protein or subset of Stat proteins that gave the best possible prediction of responses. PLS regression belongs to the same family of bilinear methods as PCA, but the method is supervised and based on maximizing the covariance between two sets of data or matrixes in order to find latent variables in one of the matrixes that best represents and predicts variables in the other matrix. The PLS regression was performed using mean-centering without any weighting of variables. The cross validation of these models was done on all data by leaving all measurements of samples from one patient at a time out of the analysis and using this left out sample for validation.
Results
Stat phosphorylation patterns distinguish patients in NAb classes
In this study, samples were collected from MS patients before IFN-b administration and at 4, 6, and 8 hours thereafter. Levels of NAbs, levels of IFN-b, phosphorylation levels of Stat proteins in immune cell subtypes, and gene expression levels in whole blood were determined (Figure 1 ). The eight cell subtypes analyzed were identified and gated as shown in Figure 2A . The phosphorylation induction of Stat proteins post-injection is shown in Figure 2B .
The unsupervised explorative multivariate analysis PCA of protein phosphorylation and gene expression revealed that the main variability in the protein phosphoflow data was related to NAb class as the NAb classes could clearly be distinguished by the three first and most important PCs in the score plot ( Figure 3A and Table 4 . ANOVA of pStat protein data where all proteins significant for at least one factor are presented. B). In this study, patients clustered according to NAb class independently of time of sample collection. The three first PCs described 74% of the total variability in the phosphoflow data. The first two PCs accounted for 59% of the total variability and distinguished patients that were NAb negative (NAb class 1) from patients that were NAb high (NAb class 3), whereas the third PC was necessary to distinguish the patient that was NAb low/ medium (NAb class 2). Phosphorylated pStat1 and pStat4 were inversely correlated and, together with serine phosphorylation of Stat3 (pStatS3), were the variables that contributed the most to the clustering of patients by NAb class. No outliers were detected in the PCA.
In the scores plot, patients in NAb class 1 clustered on the upper left side of the plot (blue circle) and patients in NAb class 3 clustered on the right side of the plot (red circle). In the corresponding loading plot, pStat1 variables clustered on the left side (yellow circle) and pStat4 variables clustered on the right side (pink circle) ( Figure 3A) . The location and clustering of samples and variables in these plots showed that most of the cell subtypes in which phosphorylation of Stat1 was measured were negatively correlated with NAb class 3 and positively correlated with NAb class 1. In granulocytes phosphorylation of Stat1 was located near the origin (not included in the yellow circle) and therefore had no Table 6 . ANOVA of gene data where all genes significant for at least one factor are presented. Figure 4 . A relatively small (maximum 1.7 fold), but consistent, increase in phosphorylated Stat1 protein was observed between 4 and 8 hours after IFN-b administration in NAb-negative patients (patients 109, 110, 111). In NAb-positive patients with high titers, levels of phosphorylated Stat1 were clearly decreased compared to the levels in NAb-negative patients (106, 108) (Figure 4 ). Fold changes in MFIs of phosphorylated Stat proteins did not differ significantly at 4, 6, and 8 hours relative to t 0 nor was there an interaction between the time and NAb class (Tables 2). For visualization purpose we therefore used time-averaged fold changes in phosphorylation levels for all Stat proteins and plotted these against NAb class in each cell subtype in Figure 5 ; these graphs illustrate the importance of pStat1 and pStat4 for the separation of NAb classes.
Gene expression patterns after in vivo IFN-b administration are heterogeneous
As expected, induction of expression of a number of genes was observed after IFN-b injection. The expression values measured are an average of whole blood mRNA. In phosphoflow, the cell subtypes can be identified and signal induction quantified without first separating the cells. To reduce the dimension and visualize gene induction we used PCA on the DDCt values, which are gene expression changes relative to gene expression levels before IFN-b administration. Among the genes evaluated, CXCL10 had a very high standard deviation and dominated the first PC in the PCA. A meaningful PCA was therefore obtained by down-weighting the data for CXCL10 in the analysis ( Figure 3B ). The first two PCs explained 83% of the variance. Many genes contribute to the clustering according to NAb class, including Mx1.
Markers predictive of NAb class
NAb class was significantly correlated with both Stat phosphorylation patterns and gene expression patterns after IFN-b administration in vivo. The significances of the PCs as analyzed by the ffMANOVA are given in Table 2 and 3 for proteins and genes, respectively. Results are presented using unscaled variables for both the Stats phosphorylation data and the gene expression changes. Two PCs were included in the model of the ffMANOVA (nPC) and two PCs were used for buffer (nBU) both for the proteins and for the genes. The main effects and the two-way interactions were included in the model. Similar to the PCA in Figure 3B , CXCL10 was removed from the analysis. NAb class was highly significant for both the phosphoflow and gene expression data. Treatment type was also significant for both the phosphoflow data and gene expression. No significant interactions between the main factors time post injection, NAb class, or treatment type were found for phosphoflow data. The interaction between NAb class and treatment type as well as the interaction between NAb class and time post injection were significant for gene expression data. Thus, the effect of NAb class on gene expression was affected by both time of blood collection after IFN-b administration and by the treatment type as shown in the ffMANOVA.
Statistical tests on the individual variables by ANOVA using pvalues adjusted for multiple comparisons by false detection rate (FDR) performed by rotation test revealed significant differences in NAb class for phosphorylation patterns in Stat1 in all cell subtypes except granulocytes (Table 4, Figure 5 ). In T cell subpopulations, but not in monocytes and NK cells, treatment and the interaction between treatment and NAb class were significant. B cells were not included in the ANOVA, because data on B cells was not available for one patient. The mean values for NAb class 2 (low/medium) of phosphorylation of Stat1 in these cell types were close to that of NAb class 1 (negative) and close to zero for NAb class 3 (Table 5) . When the reversed model was performed using PLS regression, where the Stat proteins were the input variables and the NAb classes the response, the same Stats proteins were found to be significant using the jackknife test as in the ANOVA test: Stat1 proteins were significant in all cell subtypes except granulocytes. In addition, Stat3, Stat5, and Stat6 in monocytes and serine Stat3 in T cells were also significant by jackknife in PLS regression analysis. The predictive ability of the model including these variables was high (r = 0.89).
A statistical test on individual genes by ANOVA using FDR identified many genes that were significantly affected by NAbs in whole blood after IFN-b injection. These genes are shown in Table 6 . For the genes ISG15, MX1, and MX2 there was a significant interaction between NAb class and treatment, and for the genes CNP and IFI16 there was a significant interaction between treatment and time. The mean values of significant ANOVA results for each NAb class are presented in Table 7 . + monocytes and lymphocytes and pStatS3 in lymphocytes; the response variable was NabT. In the scores plot, 95% of the variability in NabT is explained by 92% of the variability in the predictor variables using the first two factors. The blue circles represent samples for the calibration setup model, and the red circles represent the validation samples obtained by full cross validation. (B) PLS of model of interest where pStat1 in CD33
+ monocytes and CD3 + T cells are used as predictors and NabT as response variables. RMSEC: root mean square error of calibration (blue) and of validation (red), respectively; SEC: standard error of calibration and is similar to RMSEC, except it is corrected for bias which is the mean value over all points that either lie systematically above (or below) the regression line. A value close to zero indicates a random distribution of points about the regression line. doi:10.1371/journal.pone.0088632.g006 pStat1 and Neutralizing Antibodies in IFN-b Therapy
Stat1 phosphorylation predicts NAb titers after in vivo IFN-b administration
The possible application of Stat protein phosphorylation data to predict NAb class was evaluated using a prediction model based on PLSR. Time of sampling was not significant for the Stat phosphorylation data as shown in Table 2 . This indicates that all three time points were equally well suited for the prediction of NAb class. Time of sampling was significant for gene expression data ( Table 3) . The best fitting model for the phosphoflow data included the variables pStat1 in monocytes and lymphocytes and pStat3 (at serine) in lymphocytes. The predictability of NAb titers was r = 0.97 ( Figure 6A ). Note that one patient at a time was excluded when calibrating the model and used for validation, which means that the NAb class on one patient is predicted based on the model obtained on the remaining patients. The phosphorylation induction of only Stat1 in two cell subtypes, namely CD33 + monocytes and CD3 + T cells or lymphocytes, was predictive of NAb titers with an accuracy of r = 0.95 ( Figure 6B ). pStat1 in these cell subtypes was negatively correlated with NAb titers. The same PLS model for all proteins and cell subtypes had a similar correlation coefficient (r = 0.95).
PLS models of gene expression changes were less predictive of NAb titers than models based on Stat phosphorylation. When all genes were included in the model none of the genes were found to be significant by the jackknife test and the predictive value of this model (r = 0.73) was lower than that based on Stat phosphorylation. When only significant genes from the ANOVA test were included in the model the correlation coefficient was r = 0.89. The best fitting model was obtained with four genes, Mx1, TNFSF10, IFIT3, and IFIH1 (r = 0.91; Figure 7 ).
Phospho-protein induction patterns clearly separate NAb classes in subcutaneously IFN-b-1a treated patients
The ffMANOVA test showed a significant difference between patients treated with s. c. IFN-b-1a or s.c. IFN-b-1b , based on the Stat phosphorylation data (Table 2,4) . This treatment effect may confound some of our PCA models. We therefore analyzed the data from patients treated with the IFN-b preparation Rebif separately. For this treatment, data on patients in all three NAb classes were available. The PCA of the phospho-protein data showed three distinct clusters for the patients with different NAb classes based on the two first PCs and explained 71% of the variation within the data ( Figure 8A ). pStat1, pStat4, and pStat3 (serine) were the most important variables in clustering of patients; this was similar to the PCA of Stat data when all patient data was included ( Figure 3A) .
To evaluate effects of NAb on the responsiveness of the IFN-b/ Stats signaling pathway, whole blood from the same s.c. IFN-b-1a treated patients was re-stimulated ex vivo with a serial dilution of IFN-b. The dose response curves are shown in heat maps in Figure 8B . NAb titers affected the sensitivity of the pathway. The PCA for the gene induction data of the same patients is shown in Figure 8C . With the first two PCs no clustering of patients according to NAb class was observed. PC1 and PC3, however, separated NAb classes and explained 71% of the variation in the data.
Serum values
Serum levels of IFN-b increased after treatment in NAb negative patients (Figure 9 ). In sera of patients, levels of IFN-b before injection tended to be higher than in healthy controls, which are either undetectable or very low in the range of 2-6 pg/ ml (PBL interferon source). In patients with high NAb titers the IFN-b concentration measured in sera were very similar before and after injection. 
Discussion
INF-b is one of the first-line treatment options for relapsingremitting MS. During therapy, up to 40% of patients develop NAbs that may affect treatment efficacy [11, 12] . In 2010 an international consensus panel of MS experts concluded that persistently high titers of NAbs are likely to be associated with treatment failure [1] . However, the clinical impact of NAb titers is controversial partly because of the lack of relevant tests that take a patient's constitution and disease variability into consideration. + T cells contributed significantly to the clustering of patients according to NAb classes [7] . Thus, ex vivo IFN-b re-stimulation data and data obtained after in vivo IFN-b injection both indicate that pStat1 is a promising biomarker for the accurate assessment of NAb effects in individual patients.
Quantification of intracellular pathway-specific phosphorylation levels better predicted NAb effects than gene expression changes as levels of phosphorylated Stat proteins were more consistent and less heterogeneous than changes in gene expression. Gene expression was influenced by time of sample collection and by treatment type. We previously showed that in PBMCs from healthy people and in PBMCs from MS patients, the INF-b/Stat signal transduction pathway is functional when the cells are restimulated ex vivo with IFN-b in media without patient sera [7] . We consistently observed cell-type specific activation of Stat proteins in healthy individuals and untreated MS patients, and signaling patterns were inhibited and/or modulated in the presence of patient sera containing NAbs. Based on this more homogeneous ex vivo signal activation pattern in PBMCs it may not be surprising that phosphoflow data was more robust in predicting NAb effects than were gene expression changes after in vivo IFN-b injection.
Gene induction was measured for genes known to be involved in the response to IFN-b in humans. Twenty-one of the 36 genes that were significant in the ANOVA were also significant in PLSR, and ten of these genes had a high correlation to NAb titers: ADAR, CNP, IFIT1, IFIT3, IFI16, ISG15, Mx1, Mx2, MYD88, and TNFSF10. All of these showed marked down regulation in patients with high NAb levels compared to NAb negative patients. These results support the findings by Hesse et al. that in patients who lack Mx1 expression in whole blood after INF-b administration also lack expression of other IFN-b-inducible genes [13] . The differences between NAb negative patients and the patient with low/medium NAb titers were heterogeneous and possibly affected by the large amount of endogenous IFN-b in the patient with low/ medium NAb titer. The multi-level approach in this study elucidates the complexity of therapy response in patients but also shows that specific measurements within the cascade that affects signaling responses due to therapeutic agents may be used to interpret results and guide decisions regarding therapy.
Measuring phosphorylation levels of pathway-specific transcription factors may be more reliable than monitoring gene expression because the measured signals are directly linked to the activation of the IFN-b receptor at the cell surface. Although all IFN-b signals are initiated with receptor dimerization, mechanisms of associated kinase activation and phosphorylation of transcription factors, integration of this signals are complex and dependent on many factors in time and space such as activation state of cells and cross-talk between different signal inputs. The time frame of sample collection (hours) may influence Stat protein levels per se and the differences in NAb class may also be explained by translational changes. Unphosphorylated protein measurements (++). Unstimulated samples were used as reference samples and are shown in black. Increases in phosphorylation are shown in yellow. (C) PCA of genes in patients treated with IFN-b-1a (Rebif). For clustering according to NAb classes based on gene expression changes PC1 vs. PC2 were not useful. However, PC1 vs. PC3 did cluster patients according to NAb class. The first number in the identification of patients in the score plot is the patient number according to that could discern between direct phosphorylation and translation changes were not included in this study.
IFN-b can induce hundreds of genes and the in vivo response to IFN-b injection assessed in blood immune cells is heterogeneous both in gene specificity and sensitivity. Nevertheless, some genes were specifically regulated in response to INF-b. The myxovirus resistant protein 1 (Mx1) gene has been proposed as an in vivo biomarker for the responsiveness of immune cells to INF-b [13] [14] [15] . This in vivo biomarker appears to correlate with IFN-b responsiveness in healthy individuals and in many MS patients. The Mx1 response in patients is heterogeneous, however, and arbitrary cutoffs are used to evaluate NAb effects in vivo.
Interestingly, the IFN-b concentrations in sera varied significantly between patients prior to the IFN-b injection. In some patients the INF-b concentrations were very low, similar to those observed in healthy people, and in other patients INF-b was clearly present in sera before the injection. The data showed an increase in IFN-b in sera of NAb-negative patients after INF-b injection, but not in NAb-positive patients. The different medication regimes, as indicated by the significant treatment effect, may explain the accumulation of IFN-b in sera of some patients but other factors may influence IFN-b concentration as well. Some of the components affecting the in vivo measurements in patients may be the endogenous activation of the IFN pathway by viral infection, INF-b receptor concentrations at the cell surface, and the disease itself. High amounts of IFN-b were measured in sera of patient 112. The levels of 400 ng/ml are in the range of viral infection (personal communication from ELISA manufacturer). This patient had low/medium NAb titers and how high endogenous IFN-b levels affect treatment is not known. We cannot rule out that this patient clustered separately from patients with high NAb levels because of this effect. Our data highlights the intricacy of the in vivo response in patients and indicates that the in vivo assay may also be valuable in detecting patients with an abnormal response to IFN-b for other reasons than NAb.
In the in vitro Mx1 NAb assay, different NAb titers were dependent on time after injection. As previously shown in many studies, the time of sampling can confound measurements and must be carefully chosen both in experimental settings and also for routine analysis. Based on our analysis, a universal biomarker for the overall INF-b response in MS patients remains elusive. However, our data indicate that a single biomarker, pStat1, may be appropriate for the evaluation of adverse NAb effects. We showed that even very low/medium NAb titers inhibited the responsiveness of PBMCs and immune cells in whole blood to IFN-b re-stimulation ex vivo. Thus, levels of phosphorylated Stat1 correlated with NAb titers both, after IFN-b re-stimulation ex vivo and after IFN-b administration in vivo.
In conclusion, measurements of pathway-specific activation levels of signaling molecules after in vivo IFN-b injection are possible, and phosphorylation patterns of Stat proteins are clearly affected by NAbs. Patient variability in Stat protein phosphorylation was less than variability in gene expression data and was, therefore, more reliable for NAb effect evaluation. We hypothesize that NAb effects are detrimental to IFN-b therapy and that these effects can be evaluated with a single biomarker pStat1. However, the actual individual response to INF-b may require measuring a panel of different signal transduction proteins. Further, our findings indicate that multivariate analysis using tools such as PCA and PLSR can be used to discern signals from noise and to identify variables crucial to the system studied.
